With multiple potential mediators on the causal pathway from a treatment to an outcome, we consider the problem of decomposing the effects along multiple possible causal path(s) through each distinct mediator. Under Pearl's pathspecific effects framework (Pearl, 2001; Avin et al., 2005) , such fine-grained decompositions necessitate stringent assumptions, such as correctly specifying the causal structure among the mediators, and there being no unobserved confounding among the mediators. In contrast, interventional direct and indirect effects for multiple mediators (Vansteelandt and Daniel, 2017) can be identified under much weaker conditions, while providing scientifically relevant causal interpretations. Nonetheless, current estimation approaches require (correctly) specifying a model for the joint mediator distribution, which can be difficult when there is a high-dimensional set of possibly continuous and noncontinuous mediators. In this article, we avoid the need for modeling this distribution, by building on a definition of interventional effects previously suggested by VanderWeele and Tchetgen Tchetgen (2017) for longitudinal mediation.
Introduction
Mediation analysis is commonly used to study the effect of a treatment or exposure (A) on an outcome (Y ) that may be transmitted through intermediate variable(s) on the causal pathway from A to Y . Multiple potential mediators often exist in substantive research. For example, potential mediators may be posited in trying to understand the different causal pathways from A to Y , or confounders of the mediator-outcome relation for a mediator of interest are themselves affected by treatment and thus perceived as competing mediators, or interventions may be designed to affect outcome by simultaneously changing different mediators on the causal pathway from A to Y . Traditional methods that dominate mediation analysis with multiple mediators, such as MacKinnon (2000) and Preacher and Hayes (2008) , are essentially extensions of Baron and Kenny (1986) for a single mediator. They rely on path analysis to enumerate all possible paths from A to Y through the mediators, and the product-of-coefficients method to estimate the effect along each separate path, as encoded by the (partial) regression coefficients of the variables on the path in question.
These traditional methods are predicated on linear and additive parametric models for all (endogenous) variables, under strong exchangeability (or "ignorability") assumptions; see e.g., De Stavola et al. (2014) for a summary of the assumptions.
Notwithstanding the prevalence of such methods, counterfactual-based definitions of natural direct and indirect effects (Robins and Greenland, 1992; Pearl, 2001 ) permit decomposition of the total effect of a treatment on an outcome into a direct and an indirect effect for a single mediator using the mediation formula (Pearl, 2012) , without relying on any specific statistical models for the mediator and outcome. Another benefit of the counterfactual-based framework is that the ignorability assumptions needed for identification are elucidated (Imai et al., 2010) . However, extensions of natural effects for a single mediator to the multiple mediator setting are complicated, because the different mediators may influence each other, or share unobserved common causes, thereby generating complex (possibly unknown) confounding patterns. In particular, when one mediator exerts a causal effect on another, so that the former is a confounder of the mediator-outcome relation for the latter (variously termed treatment-induced, intermediate, post-treatment or time-dependent or varying confounding), the assumptions needed to identify the natural or separate path-specific effects through each mediator are violated (Avin et al., 2005) .
Current methods for assessing natural effects are restricted to situations where either the mediators can be ordered sequentially so that (combinations of) path-specific effects can be identified in the presence of time-varying confounding (Vansteelandt and VanderWeele, 2012; Shpitser, 2013; Daniel et al., 2015; Steen et al., 2017; Albert et al., 2019) , or the mediators do not causally influence each other, and are independent given treatment and covariates (MacKinnon, 2000; Preacher and Hayes, 2008; Lange et al., 2013) . A further limitation, shared by all the above approaches, is that they demand (correct) a priori assumptions about the detailed causal relations between the mediators. These restrictions impede applications in most realistic settings, when the causal structure among the mediators is unknown or cannot be (correctly) specified based on sound scientific knowledge or empirical evidence, or the (repeatedly measured) mediators are manifestations of a latent process or variable, and thus (auto)correlated.
In contrast, interventional direct and indirect effects, first introduced by Didelez et al. (2006) and for a single mediator, can be identified under much weaker assumptions than natural or path-specific effects, especially when there is timevarying confounding of the mediator(s)-outcome relation(s). Interventional effects concern ideal (distinct) interventions on the treatment and the mediator distribution, without changing anything else in the causal structure (Quynh Nguyen et al., 2019) . Interventional effects consider population-level (stochastic) interventions that set the value of the mediator to a random draw from its (counterfactual) distribution, whereas natural effects are defined in terms of individual-level (deterministic) interventions on the mediator, which can lack scientific and practical meaning when the treatment cannot be manipulated at the individual level (VanderWeele, 2013) . For example, VanderWeele and Robinson (2014) and Jackson and VanderWeele (2018) describe interventional (in)direct effects using race as the treatment and socioeconomic status as the mediator, thus avoiding natural (in)direct effects involving nested potential outcomes for each individual where race is set to one group but socioeconomic status is simultaneously set to its potential value under a different group. Vansteelandt and Daniel (2017) extended the definitions to the multiple mediator setting so that the total effect of a treatment on an outcome can be decomposed into a direct effect and a joint indirect effect via the mediators. They further decomposed the joint indirect effect into separate indirect effects via each distinct mediator, and an indirect effect via the mediators' mutual dependence. The interventional effects are well-defined and can be identified regardless of the underlying causal structure of the mediators, even when there is hidden (time-varying) confounding among the mediators. Moreno-Betancur and Carlin (2018), Lok (2019), and Quynh Nguyen et al. (2019) , among others, discuss interventional (in)direct effects for a single mediator, while Tchetgen Tchetgen (2017) , propose path-specific interpretations for multiple mediators, and repeated measures of a longitudinal mediator, respectively.
In this article, we will generalize the interventional effects framework to high-dimensional mediators. A key complication of current estimation approaches for interventional direct and indirect effects is the need to (correctly) specify a model for the joint distribution for all mediators that is congenial with models for the marginal distribution for each mediator (unconditional on the other mediators). This can be difficult when the effect of treatment on a mediator, conditional on other mediators, differs from the effect that is unconditional on the other mediators, due to non-collapsibility of certain non-linear effect measures, such as the odds ratio, even in the absence of confounding (Greenland et al., 1999) . VanderWeele and Tchetgen Tchetgen (2017) suggested interventional effects using (counterfactual) mediator distributions that depend only on treatment, and are unconditional on the baseline confounders of the mediator(s)-outcome relation(s). Such definitions avoid specifying (marginal structural) models for the mediators in terms of the baseline confounders, and can thus be particularly advantageous when there is a high-dimensional set of continuous (and noncontinuous) mediators. All existing methods for high-dimensional mediation are restricted to continuous mediators, with almost all additionally considering only continuous outcomes, so that the product-of-coefficients method under assumed linear models for (transformations of the) mediators and outcomes can be employed; see e.g., Chakrabortty et al. (2018), Huang and Pan (2016) , Sampson et al. (2018) , van Kesteren and Oberski (2019), Zhang et al. (2016) , Zhao and Luo (2016) , and Zhao et al. (2019) , among many others. While most methods allow for either correlated errors in the joint mediator model (therefore allowing for certain forms of hidden confounding among the mediators), or mediators to influence one another, only Zhao and Luo (2016) and Zhao et al. (2019) allow for both within the same mediation model.
With the increasing demand for high-dimensional mediation methods in biology, medical, public health, and social science research, our paper is, to the best of our knowledge, the first to allow for both continuous and non-continuous mediators to simultaneously exist on the causal pathway between treatment and outcome, where they can concurrently exert causal effects on one another and share hidden common causes.
In this article, we therefore build on VanderWeele and Tchetgen Tchetgen (2017) and develop interventional direct and indirect effects that can be used to decompose the (total) effect of a treatment on an outcome into a direct effect that does not intersect any of the mediators, and separate indirect effects via the distinct mediators. The definition of the indirect effect via each mediator is invariant to the presumed (possibly arbitrary) ordering of the mediator indices. We propose a novel estimation strategy for the interventional direct and indirect effects that requires specifying only a (marginal structural) mean model for the outcome, and no models for the mediators. Non-continuous outcomes can be accommodated via non-linear outcome models. We will focus on randomized studies in the theoretical development of our proposed strategy, and demonstrate a possible extension for observational studies, when treatment is not randomly assigned, in the illustration.
The remainder of this article is as follows. In Section 2 notation is introduced, the interventional direct and indirect effects are defined, and the identification assumptions are stated.
In Section 3 the estimation procedure that requires no models for the mediators, and only a mean model for the outcome, is proposed. In Section 4 the proposed procedure is assessed via extensive simulation studies under settings with both continuous and non-continuous mediators. The mediators are allowed to exert causal effects on one another, and to share unmeasured confounders. In Section 5 the estimation procedure is illustrated using data from a genomic study investigating the prognostic effect of a microRNA expression (miR-223) on a dichotomous three-month survival status of patients with glioblastoma multiforme, an aggressive form of brain cancer, that is potentially mediated by expression values of different genes (Huang and Pan, 2016) . In Section 6 we demonstrate that in most common settings, the interventional effects proposed in this article are equal to existing definitions of interventional effects by Vansteelandt and Daniel (2017) . Under such settings, the proposed estimation procedure drastically simplifies current estimation approaches (Vansteelandt and Daniel, 2017) , by eliminating the need to specify models for the mediators. A brief discussion is provided in Section 7.
Definition and identification of interventional (in)direct effects
Consider the setting with a randomly assigned treatment A, multiple potential mediators M 1 , . . . , M t , and an outcome Y . In this article, we adopt the perspective that all timevarying confounders of a mediator-outcome relation for a mediator in question are themselves competing mediators, and therefore included in the set of potential mediators. Here and throughout subscripts in the notation for the mediators are merely used to arbitrarily index the different mediators, and not to indicate any assumed causal (or temporal) ordering of the mediators; e.g., M 1 need not precede M 2 causally (or temporally). Let L denote all observed baseline (i.e., unaffected by treatment) covariates that may affect any of (M 1 , . . . , M t , Y ).
Since A is randomly assigned, it is assumed that there are no (observed or unobserved) variables that affect treatment. Let Y am 1 ···mt denote the potential outcome for Y if, possibly counter to fact, A is set to a, when each mediator M s is set to the value m s , s = 1, . . . , t.
Let M sa (s) denote the potential outcome for M s if, possibly counter to fact, A is set to a (s) .
Let Y a (0) {M 1a (1) ···M ta (1) } denote the potential outcome for Y under treatment A = a (0) , when the mediator values are set to a random draw from the joint (counterfactual) distribution
where F (X) denotes a cumulative distribution function for X. Potential outcomes where the mediators are set to random draws from the joint counterfactual distribution are henceforth denoted by (curly) brackets in the subscripts. Let Y a (0)M 1a (1) ···M ta (t) denote the potential outcome under treatment A = a (0) , when the value of each mediator is set to a random draw from the marginal (counterfactual) distribution, i.e.,M sa (s) ∼ F (M sa (s) ), s = 1, . . . , t.
The average potential outcomes (hereafter termed "estimands") are respectively defined as:
and
(2)
Interventional (in)direct effects for multiple mediators
The interventional effects comparing estimands (1) and (2) under different hypothetical treatment levels are defined as follows. Let g denote a user-specified link function, such as the log link g(x) = log(x), the "logit" link g(x) = log{x/(1 − x)}, or the "probit" link g(x) = Φ(x), where Φ(·) denotes the cumulative distribution function for a standard Normal random variable. Define the total effect as:
which can be decomposed into the direct effect, defined as:
and the (joint) indirect effect, defined as:
The indirect effect via each mediator M s , s = 1, . . . , t, is defined as:
where in the first term, each hypothetical treatment a (k) for k = 0, . . . , t, equals 1 if k = s, or 0 otherwise. Note that the definition of (5) remains the same irrespective of the chosen (possibly arbitrary) ordering of the mediator indices. Interpretations of the above-defined interventional direct and indirect effects are deferred to the illustration in Section 5.
Lastly, the difference between the joint indirect effect (4) and the sum of the separate indirect effects (5) for all mediators can be further partitioned into:
Following Vansteelandt and Daniel (2017) , we refer to (6) as the indirect effect via the mediators' mutual dependence. The indirect effect in (7) is simply the difference between the joint indirect effect (4), and the sum of the separate indirect effects (5) and the indirect effect via the mutual dependence (6) for all the mediators. Interpretations and closed-form expressions for the indirect effects (6) and (7), under the setting with two mediators and linear models for the mediators and outcome, are provided in Web Appendix A.
Assumptions for identification
Identification of the interventional effects requires the following assumptions:
• the effect of treatment A on outcome Y is unconfounded conditional on L, i.e.,
• the effect of all mediators M 1 , . . . M t on outcome Y is unconfounded conditional on A and L, i.e.,
• the effect of treatment A on all mediators is unconfounded, i.e.,
Assumptions (8) and (10) hold when treatment A is randomly assigned. Assumption (9) states that there are no hidden common causes of any of (M 1 , . . . , M t ) and Y . Let U m denote hidden (time-varying) common causes of (M 1 , . . . , M t ), and let U denote hidden (timevarying) common causes of L and Y . Assumption (9) states that U m and U are independent (conditional on A). Under assumptions (8)-(10), the estimands (1) and (2) are respectively identified by:
Note that the conditional expectation of the outcome, given fixed values of the treatment and mediators, is determined by marginalizing over the distribution of L; i.e.,:
Estimation of interventional (in)direct effects
In this section we propose a novel estimation strategy that exploits the fact that the data originate from a randomized study. The procedure only requires an outcome model, and no models for the mediators. Estimators of the proposed interventional (in)direct effects are obtained as follows:
A0. Fit an outcome model, conditional on treatment, mediators, and covariates, to the observed data, e.g., E(Y |A, M 1 , . . . , M t , L). The outcome model can be expressed as a function of its A1. Construct the duplicated data for each individual as shown in Table 1 . The hypothetical treatment levels a (0) and a (1) are chosen so that the interventional direct effect (3) is the difference between the average potential outcomes in the last and penultimate rows, and the joint indirect effect (4) is the difference between the average potential outcomes in the penultimate and first rows.
[ A3. Impute the expected potential outcomes as predictionsĥ(a (0) ,M 1a (1) , . . . ,M ta (1) , L) from the fitted outcome model in step A0.
A4. Repeat steps A2 and A3 e.g., 1000 times, to account for the variability in the (counterfactual) mediator values, thereby obtaining the (Monte Carlo averaged) imputed potential
A5. For each unique value of {a (0) , a (1) } in Table 1, Next, we estimate the separate indirect effects via each mediator. In general, the potential outcome Y a (0)M 1a (1) ···M ta (t) is unobservable, even when the hypothetical treatments all equal the observed treatment (i.e., a (0) = a (1) = . . . = a (t) = A). This is because each mediator counterfactualM sa (s) , even under the observed treatment a (s) = A, has to be drawn from its marginal (counterfactual) distribution that does not depend on any other mediators (and is unconditional on L) by definition, whereas the observed values (M 1 , . . . , M t ) are drawn from a joint distribution (conditional on L). Estimation proceeds as follows.
B1. Construct the duplicated data for each individual as shown in Table 2 . Set all hypothetical treatments in the first row to 0; i.e., a (0) = a (1) = . . . = a (t) = 0. For s = 1, . . . , t, set the hypothetical treatments in row s + 1 to those in the first term of the interventional indirect effect via mediator M s as defined in (5); i.e., a (s) = 1 in row s + 1, and 0 otherwise.
In the last row, set a (0) = 0 and a (1) = . . . = a (t) = 1. The hypothetical treatment levels are chosen so that the interventional indirect effects correspond to differences between the average potential outcomes in different rows. For example, the interventional indirect effect via mediator M s is the difference between the average potential outcomes in rows s+1 and 1.
Part of the interventional indirect effect via the mediators' mutual dependence (6) includes the difference between the average potential outcomes in the first and last rows.
[ B3. Impute the expected potential outcomes as a predictionĥ(0,M 1a (1) , . . . ,M ta (t) , L) from the fitted outcome model in step A0.
B4. Repeat steps B2 and B3 e.g., 1000 times, to account for the variability in the (counterfactual) mediator values, thereby obtaining the (Monte Carlo averaged) imputed potential
B5. For each unique value of {a (0) , a (1) , . . . , a (t) } in Table 2, Standard errors can be estimated using a nonparametric percentile bootstrap procedure (Efron and Tibshirani, 1994 ) that randomly resamples observations with replacement, then repeating steps A0 -A5 and B1 -B5 for each bootstrap sample.
Simulation studies
The biases of the proposed estimators were assessed empirically using simulation studies.
In each simulation study, the potential outcomes for a population of size 10000 were first generated by carrying out the following steps. S1. Let α s and β s respectively denote coefficients in the data-generating model encoding the effect of treatment on the potential mediator M s , and the effect of M s on the outcome Y , for s = 1, . . . , t, where t was the total number of potential mediators. The values were set as:
(1, 1), if s = 1;
(0, 1.5), if s = 2, . . . , t/2;
(1.5, 0), if s = t/2 + 1, . . . , t.
Therefore only one mediator (M 1 ) was simultaneously affected by treatment (α 1 = 0) and affected outcome (β 1 = 0); all other potential mediators were either unaffected by treatment but affected outcome (α s = 0, β s = 0), or vice versa (α s = 0, β s = 0). The causal dependence structure among the mediators was determined by a t×t "adjacency" matrix, henceforth denoted by B, with entry B sj being the effect of mediator M j on M s .
For each fixed value of s = 2, . . . , t, the entries for j = 1, . . . , s − 1, were set as: S4. The individual potential outcomes were determined for each combination of hypothetical treatment levels shown in Table 1 . In each row, set the counterfactual mediator values as M sa (1) , and determine the potential outcome as
S5. Save the duplicated data containing all counterfactual mediator and potential outcome values for the population.
For simplicity, let α 0 = 0, α l = ν = 0.25, β 0 = −1, β a = 0.5, β l = 1. The effect of treatment on outcome was transmitted through a direct effect and an indirect effect via mediator M 1 only. There were no indirect effects transmitted through the other mediators along the causal pathway from treatment to outcome. The (true) values of the interventional direct and indirect effects were determined by averaging the potential outcomes (across the entire population) for each hypothetical treatment level in Table 1 , then determining the direct effect (3) as the difference between the average potential outcomes in the last and penultimate rows, and the joint indirect effect (4) as the difference between the average potential outcomes in the penultimate and first rows. The indirect effect via M 1 equalled the joint indirect effect.
The logit link function was used for a binary outcome. We considered either t = 10 or t = 50 mediators, where under each setting, the population counterfactual mediator and potential outcome values were generated once and assumed to be fixed.
Observed datasets were generated by randomly sampling (without replacement) n = 500
individuals from the population. The observed treatment A was independently and randomly drawn as A ∼ Bernoulli(0.5). The observed mediator and outcome values were revealed based on the assigned treatment, by setting M s = M sA , s = 1, . . . , t, and Y = Y AM 1 ···Mt . Hence only either the first or last row of the duplicated data in Table 1 was revealed for each sampled individual, depending on whether that individual was assigned to either control (A = 0) or treatment (A = 1) respectively. For each observed dataset, the interventional direct and indirect effects were estimated using the proposed procedure; the correct data-generating outcome model (used in step S4) was assumed and fitted to the observed data. To reduce the computational time required, only 500 random draws of the mediators were made in steps A4 and B4 for each observed dataset. For comparison, linear models for the outcome and all mediators were (incorrectly) assumed, and estimates of the interventional (in)direct effects using the product-of-coefficients method (Loh et al., 2019) were calculated. 2000 observed datasets were generated.
To compare the variability of the estimators under (correctly assumed) linear models for continuous mediators and outcome, the simulation studies were repeated with the following changes. In step S3, the counterfactual mediator values were randomly sampled as M sa ∼ N (M * sa , 1); in step S4, the potential outcomes were randomly sampled as Y am 1 ···mt ∼ N (Y * am 1 ···mt , t), where the variance equalled the total number of potential mediators. The results under each of the four settings (either t = 10 or t = 50 mediators; either continuous or binary mediators and outcome) are presented in Table 3 .
The estimators using the proposed procedure were empirically unbiased (within one standard error) under all the considered scenarios. When the mediators and outcome were binary, the product-of-coefficients estimators of the non-zero effects were empirically biased (towards the null of no effect); furthermore, their variability decreased with the number of potential mediators (t). The product-of-coefficients method, when the mediators and outcome are binary, may potentially have low statistical power to detect non-zero direct and indirect effects, with decreasing power as the number of potential mediators increases. When the mediators and outcome were continuous, estimators using the proposed procedure performed similarly to the product-of-coefficients estimators empirically.
[ Table 3 about here.]
Illustration with an example dataset
We illustrate the proposed estimation method using data from an observational genomic study assessing the prognostic effect of microRNA miR-223 expression (the treatment of interest) on mortality within three months due to glioblastoma multiforme (GBM), a common malignant brain tumor, that is potentially mediated by expression values of different genes in the tumor genome (Huang et al., 2015) . The data is publicly available as part of the online supplemental materials of Huang and Pan (2016) , and contains information on 490 patients suffering from GBM, after adjustment for the center or batch effect. For the purposes of illustration, we dichotomized the miR-223 expression at the empirical median so that the treatment took a value of A = 1 if the value was above the median, or 0 otherwise. Following
Huang and Pan, the same dichotomous indicator of whether death from GBM had occurred within the first three months was used as the outcome (Y ); however, we assumed that the nine patients who were lost to follow-up prior to three months (four in the A = 0 group, and five in the A = 1 group) were alive (Y = 0). Three baseline demographic variables were recorded: age at diagnosis, gender, and ethnicity; they were assumed to be confounders of the treatment-mediator(s), mediator(s)-outcome, and treatment-outcome relations. We henceforth jointly denote them by C, and further assumed that setting these confounders as L in (8)-(10) were sufficient for these assumptions to hold, so that the interventional effects could be identified.
Huang and Pan classified the genes into 120 gene sets with similar biological functions, among which nine sets had expression values that were statistically significant mediators (pvalues less than 0.05); see Table 2 of Huang and Pan (2016) . We will similarly consider the gene expression values as potential mediators of the effect of miR-223 expression on death from GBM within three months. Expression values for 1221 genes (with no missing data) were included in the publicly available data. However, a logistic regression model for the binary outcome could not be fitted to the data since there were more potential mediators (1221) than observations (490). For the purposes of illustration, we only considered a subset of the genes, by first fitting a logistic regression outcome model with main effects for treatment, all 1221 gene expression values (each standardized to have mean zero and variance one), and the baseline demographic variables, as well as two and three-way interaction terms for the baseline demographic variables, using an elastic net penalty (Friedman et al., 2010) . The penalty factors for the coefficients of the baseline demographic variables (main effects and interaction terms) and treatment were set to zero so that there was no shrinkage of these coefficients, and the treatment and confounders would always be included in the model.
In practice one would need to take the treatment-mediator associations into account when selecting the potential mediators; we defer possible approaches to the discussion. We then selected the smallest subset with at least ten genes, which included expression values for twelve genes, that were most strongly associated with the outcome in the observed data.
Since the miR-223 expression was not randomly assigned, the mediator counterfactual values used to construct the duplicated data in the estimation procedure could not be randomly [ Table 4 about here.]
Comparison
In this section, we argue that in most common settings, the interventional effects proposed in this article are equal to existing definitions by Vansteelandt and Daniel (2017) . In particular, the existing definitions rely on (counterfactual) mediator distributions that depend on treatment and all baseline covariates, including confounders of the mediator(s)-outcome relation(s). Suppose that all mediators are continuous, so that linear mean models for the mediators (conditional on L) may be assumed. When the outcome is continuous, and a linear (marginal structural) mean model for the outcome may be assumed, then under the settings stated in Table 5 , the proposed interventional effects are equal to existing definitions.
[ Table 5 about here.]
Suppose instead that the outcome is dichotomous, and sufficiently rare so that the logit link in a regression model for the outcome can be approximated by the log link. When (i) the outcome model has main effects only, and (ii) the effect of treatment on the mediators is not moderated by the confounders (i.e., there are no interaction terms involving treatment in the mediator mean models), the proposed interventional effects are equal to existing definitions.
Alternatively, when the outcome model is a probit regression model with main effects only, the proposed and existing definitions of the interventional effects will differ in general. In the single mediator setting, either can be closer to the null (of no treatment effect) than the other; however, the ratio of the interventional direct effect to the interventional indirect effect is the same for both proposed and existing definitions. Detailed results are provided in Web Appendix A.
Conclusion
When there exists a high-dimensional set of potential mediators, among which only a (much) smaller subset truly lie on the causal pathway from treatment to outcome, estimating the direct and indirect effects may be impossible, or there may be little statistical power to detect significant effects. In most realistic and important settings, mediators that are closely linked either have complex but unknown causal relations, or share unmeasured common causes, or both. But valid inference using existing methods demand either (correctly) specifying how the mediators influence one another, or (incorrectly) assuming continuous mediators and outcome. Even in the single mediator setting, the direct and indirect effects using the traditional product-of-coefficients method may not correspond to those derived using the causal mediation framework, due to violations of (parametric) assumptions and misspecification of non-linear models for non-continuous mediator and outcome (MacKinnon et al., 2018) .
In this article we have built on a definition of interventional effects, previously suggested by
VanderWeele and Tchetgen Tchetgen (2017), for mediation analysis with high-dimensional mediators. We have proposed an estimation procedure that allows for any mean model for the outcome, and requires no models for the mediators. Our straightforward proposal is therefore an ideal (preliminary) screening procedure for examining promising mediators. Sampson et al. (2018) , must then be used when selecting a subset for further investigation.
To demonstrate the estimation procedure in the illustration when there were more potential mediators than observations, a penalized regression model for the outcome was used to select a subset of potential mediators, based on only the strengths of their associations with the outcome. In practice we recommend methods that jointly account for the mediatoroutcome and treatment-mediator associations when there are at least as many mediators as observations, such as coordinate-wise mediation filtering (van Kesteren and Oberski, 2019) or pathway LASSO (Zhao and Luo, 2016) for continuous mediators and outcome. Further work to extend these methods to allow for non-linear outcome models in the proposed approach will be required for non-continuous outcomes. Unbiased estimation using the proposed approach depends on correctly specifying the outcome model, conditional on treatment, mediators, and covariates. and Loeys et al. (2013) recommend using sufficiently rich outcome models that e.g., include higher-order or interaction terms. More general prediction methods for the potential outcomes, such as random forests (Breiman, 2001) , or generalized additive models (Wood, 2017) , may be considered; however, further work to ensure valid inference when using such flexible models will be required. 
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Direct ( Table 4 Estimates, (bootstrap) standard errors ("SE"), and 95% (percentile bootstrap) confidence intervals ("CI") of the interventional effects for the GBM data set. 20000 (non-parametric) bootstrap samples were used. Statistically significant effects (at the 5% level) are displayed in bold. All results were rounded to two decimal places. 
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